Abstract A meta-regression analysis including 167 farm level technical efficiency (TE) studies of developing and developed countries was undertaken. The econometric results suggest that stochastic frontier models generate lower mean TE (MTE) estimates than non-parametric deterministic models, while parametric deterministic frontier models yield lower estimates than the stochastic approach. The primal approach is the most common technological representation. In addition, frontier models based on cross-sectional data produce lower estimates than those based on panel data whereas the relationship between functional form and MTE is inconclusive. On average, studies for animal production show a higher MTE than crop farming. The results also suggest that the studies for countries in Western Europe and Oceania present, on average, the highest levels of MTE among all regions after accounting for various methodological features. In contrast, studies for Eastern European countries exhibit the lowest estimate followed by those from Asian, African, Latin American, and North American countries. Additional analysis reveals that MTEs are positively and significantly related to the average income of the countries in the data set but this pattern is broken by the upper middle income group which displays the lowest MTE.
technology, while TC evaluates the effect in productivity from the adoption of new production practices. In other words, gains in TE are derived from improvements in decision-making, which in turn are related to a host of variables including knowledge, experience and education. By contrast, TC relates to investments in research and technology (Nishimizu and Page 1982; Ahmad and Bravo-Ureta 1996) .
In measuring TE, different methodologies and strategies have been proposed and considerable controversy has surrounded the choice and merits of a specific methodology and the impact of such choice on the ensuing analysis (Olesen et al. 1996; Coelli and Perelman 2000) . Wadud and White (2000) indicate that in most empirical studies the selection of the methodology used to measure TE is arbitrary and mainly based on the objective of the study, the data available and the personal preference of the researcher. Using a simulation analysis comparing the outcomes from parametric and non-parametric techniques, Resti (2000) concludes that there is no clear advantage of one method over the other. However, empirical studies using agricultural data have shown that the selection of a specific methodology can seriously affect the estimated TE scores (e.g., Kalaitzandonakes and Dunn 1995; Sharma et al. 1999; Wadud and White 2000; Solís 2005) .
The main goal of this paper is to examine the impact of various attributes of a study (e.g., estimation technique, functional form, sample size) on TE estimates. To accomplish the objective set forth, a metaregression analysis of 167 frontier studies of TE focusing on the agricultural sector is undertaken. Meta-regression analysis is a quantitative method used to evaluate the effect of methodological and other study-specific characteristics on published empirical estimates of some indicator, TE in our case, using differences across these studies as explanatory variables in a regression model (Alston et al. 2000) .
The rest of this paper is divided into four additional sections. Section 2 discusses the concept of TE followed by a brief review of its measurement. Section 3 describes the data sources and empirical model employed in the study followed by the results and analysis. The last section presents a summary along with some suggestions for further research.
An overview of the frontier function methodology
The original frontier function model introduced by Farrell (1957) uses the efficient unit isoquant to measure economic efficiency (EE), and to decompose this measure into TE and allocative efficiency (AE). In this model, TE can be defined as the firm's ability to produce maximum output given a set of inputs and technology. It is important to distinguish TE from TC, where the latter reflects an upward shift of the production function or a downward shift of the unit isoquant. AE (or price efficiency) measures the firm's success in choosing the optimal input proportions, i.e., where the ratio of marginal products for each pair of inputs is equal to the ratio of their market prices. In Farrell's framework, EE is a measure of overall performance and is equal to TE times AE (i.e., EE = TE · AE).
The frontier function methodology has become a widely used tool in applied production analysis due mainly to its consistency with the textbook definition of a production, profit or cost function (i.e., with the notion of maximization or minimization). This popularity is evidenced by the proliferation of methodological and empirical frontier studies over the last two decades as shown in the reviews by Battese (1992) , Bravo-Ureta and Pinheiro (1993), Thiam et al. (2001) , and Gorton and Davidova (2004) .
Frontier models can be classified into two basic types: parametric and non-parametric. Furthermore, parametric models can be separated into deterministic and stochastic. The deterministic model assumes that any deviation from the frontier is due to inefficiency, while the stochastic approach allows for statistical noise. Therefore, a fundamental problem with deterministic frontiers is that any measurement error, and any other source of stochastic variation in the dependent variable, is embedded in the one-sided component making the resulting TE estimates sensitive to outliers (Greene 1993) . The stochastic frontier production model addresses this sensitivity problem by incorporating a composed error structure with a two-sided symmetric term and a one-sided component. The onesided component reflects inefficiency, while the twosided error captures the random effects outside the control of the production unit.
Econometric models for the estimation of efficiency can also be separated into primal and dual approaches, depending on the underlying behavioral assumptions that are made. The primal approach has been more common in frontier estimation although dual cost and particularly profit function models have gained increasing attention in recent years (Kumbhakar 2001) . The estimation of frontier functions can also be categorized, according to the type of data, as cross-section or panel data studies. The estimation of stochastic frontiers with panel data is very appealing because it can overcome several limitations present in cross-sectional studies (Schmidt and Sickles 1984) .
Non-parametric technical efficiency models, also referred to as data envelopment analysis (DEA), are based on mathematical programming techniques. The main feature of DEA methods is that they do not require the specification of a functional form for the technology as is the case for parametric models. Nevertheless, a major drawback of these methods is that they are deterministic and thus are affected by extreme observations. Another characteristic of DEA methods is the potential sensitivity of efficiency scores to the number of observations as well as to the dimensionality of the frontier (Ramanathan 2003) .
Recent work has focused on extending the stochastic frontier approach in order to deal with multi-output technologies within a primal framework. To this end, the stochastic distance function approach has been proposed and is now becoming widely used in the efficiency literature. The main advantage of using a distance function is that price information is not needed and the production frontier can be estimated without assuming separability of inputs and outputs (Kumbhakar et al. 2003) .
Despite significant advances in the frontier function literature, many methodological questions remain. Examples of these questions include the effect of functional form on parametric models, the lack of a priori justification for the selection of a particular distributional form for the one-sided inefficiency term in stochastic frontiers, potential simultaneous equation bias in primal models, and the validity of dual models, particularly when profit maximization is the maintained hypothesis in the context of developing country agriculture. Several authors have discussed the advantages and limitations of the different methodological approaches available to measure efficiency (e.g., Coelli 1995; Hjalmarsson et al. 1996; and Alvarez and Orea 2002) ; however, the extent to which efficiency estimates are sensitive to model specification is a matter of on going debate. This paper contributes to the existing literature by conducting a systematic analysis of the effects that different methodologies and study-specific characteristics have on mean TE estimates using a data set created from 167 published papers that have relied on farm level data from around the world. Specific issues examined include: (1) whether parametric deterministic or parametric stochastic frontiers produce different TE estimates than non-parametric studies; (2) whether functional form has a discernable effect on TE; (3) whether panel data frontier models produce the same mean TE than cross-sectional data frontier models; (4) whether TE from studies using a primal approach differ from those using a dual approach; (5) whether model dimensionality (sample size and the number of variables) has a significant impact on TE; (6) whether TE varies with the type of product under analysis; (7) whether geographical location generates a significant variation on mean TE; and (8) whether the income level of the country under study has an impact on TE estimates. The work reported here constitutes a significant extension of the study by Thiam et al. (2001) that provided an analysis focusing on 34 articles covering only developing countries.
Data and methodology
An important consideration in studies using the metaregression analysis framework is to define a clear approach to be followed when searching the relevant literature. The literature search yielded a total of 167 published papers, which include the type of information required for the present study.
1 This search was done for studies published between January 1979 and June 2005. Given that many of the papers report multiple TE estimates, the dataset under analysis comprises a total of 569 observations. An overview of all the papers used in this evaluation, including the first author, year of publication, country and product analyzed, average number of observations and mean TE, is presented in Table 1 . In addition, all these papers are sorted by the methodology implemented in the studies. To save space on the table, for those studies that reported more than one estimate using the same methodology, both the average number of observations and mean TE are presented. However, for studies reporting multiple estimators using different methodologies, both the average number of observations and mean TE by methodology are displayed. Nevertheless, the data used in the analysis incorporates all observations found in the sources cited that contain the variables necessary to undertake the meta-regression analysis reported below. Table 2 presents the methodological features of these studies. As indicated, a total of 167 studies are included in the analysis out of which 68 apply deterministic models and 117 stochastic models. As can be noticed, the sum of deterministic and stochastic studies (185) is larger that the reported number of papers (167) because in some studies both techniques are implemented. In general, most of the studies rely on parametric models, panel data, the Cobb-Douglas functional form, and a primal representation of the technology.
Table 2 also shows that the average mean TE (AMTE) for all deterministic models is 74.6% compared to 77.3% for all stochastic models. A comparison of AMTEs between the parametric and non-parametric estimates shows that the former are lower (76.3%) than the latter (78.3%) but these differences are not statistically significant, which is contrary to what would be expected on conceptual grounds (Kumbhakar and Lovell 2000) . A possible explanation for this result is that non-parametric studies usually present several TE indexes equal to 100%.
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An interesting pattern is observed regarding the effect of functional form. For the deterministic models, the Cobb-Douglas form yields a higher AMTE (72.6%) than the translog (68.1%) while the opposite pattern is observed for the stochastic models, but these differences are not statistically significant. Only within stochastic frontier models, studies specifying a translog functional form (79.7%) produce a significantly higher AMTE than studies using a Cobb-Douglas function (76.3%). Another interesting difference for deterministic studies is that primal models produce a higher AMTE than dual models. Although a similar pattern was reported by Thiam et al. (2001) , there is no clear explanation for this result (Greene 1993) .
Finally, Table 2 suggests that studies using panel data display a significantly higher AMTE (77.5%) than studies with cross sectional data (72.8%) among deterministic models. This result is consistent with the findings by Thiam et al. (2001) . Even though Greene (1993) argues that models relying on panel data are likely to yield more accurate efficiency estimates, there are no a priori expectations regarding the impact of data type (i.e. cross-sectional versus panel) on the magnitude of efficiency scores. Table 3 summarizes the AMTE measures according to the geographical region where the studies were conducted. The largest number of cases is for Asia (189), followed by Western Europe and Oceania (157), North America (United States and Canada, 103), Latin America and the Caribbean (47), Eastern Europe (45) and Africa (28). The highest AMTE when stochastic and deterministic studies are combined is for Western Europe and Oceania at 82.0%, while the lowest is for Eastern Europe at 70.0%. The differences across geographic regions are significant at the 10% level or better. When the deterministic and stochastic AMTEs are calculated separately, Western Europe and Oceania still exhibit the highest level but some change is found in the rankings for the rest of the regions.
Also displayed in Table 3 is the AMTE for all Lower Income Countries (LICs), Lower Middle 
where the dependent variable MTE is mean technical efficiency as reported in the studies. PSTO is a dummy variable equal to one if the model is a parametric stochastic frontier, PDET is a dummy variable equal to one for parametric deterministic frontiers and the omitted category is the non-parametric studies. TL is a dummy variable equal to one if the translog functional form is used, CD is a dummy variable for the Cobb-Douglas functional form and the excluded category is Other Functional forms along with the non-parametric studies. CS is a dummy variable equal to one if the data is cross-sectional and zero otherwise; PRI is a dummy variable equal to one if a primal model is estimated and zero otherwise; VARSIZE is the ratio between the number of explanatory variables and the number of observations included in the study; and GRAIN is a dummy variable equal to one if the model is for grains (rice, maize and other grains) and zero otherwise.
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The regional variables are ASIA which is a dummy equal to one if the study used data for that part of the world; NAMR is a dummy variable equal to one if the data comes from North America (United States and Canada); AFRI is a dummy variable equal to one if the study used data from Africa; LTCR is a dummy variable equal to one if the study used data from Latin America or the Caribbean; and EAST is a dummy variable equal to one if the study used data from Eastern Europe. The omitted region is Western Europe and Oceania. Finally, the income level dummies are LIC, which is equal to one for low income countries; LMIC which is equal to one for lowermiddle income countries; and UMIC, a dummy that takes the value of one for upper-middle income countries. The excluded category in this case is the high income country studies or HICs.
Given that the efficiency scores are bounded between zero and one, Models I, II and III are estimated using the two-limit (i.e., doubly censored) Tobit procedure (Greene 2002) . However, for comparison, these models are also estimated using the Ordinary Least Square (OLS). However, Judge et al. (1988) show that when an econometric model contains a ratio form as the dependent variable OLS could suffer heteroskedasticity problems. Therefore, we use a robust covariance matrix to correct for heteroskedasticity. As suggested by one of the referees, it would be interesting to include the orientation of the efficiency measures (i.e., inputversus output-oriented) and, for panel data studies, whether TE is time variant or not, and if time variant then the specification used. The former factor is not included, however, because very few studies are input oriented and almost all of them are nonparametric so not much would be gained by including a separate variable for orientation. In terms of the second comment, the models already have a control for panel data but the inclusion of further related effects would be more appropriate if the analysis was restricted to panel data studies with sufficient variability in the behavior of TE overtime. Table 5 contains the econometric results for Models I, II and III using the OLS and the two-limit Tobit approach. Generally speaking, both procedures display similar patterns. However, given the characteristics of the data used in this analysis the Tobit technique is the most appropriate one from a methodological point of view. Consequently, the discussion below is based on the results obtained using the latter procedure. With respect to the empirical specifications, Model I ignores the possible presence of a regional effect, Model II introduces a set of five dummy variables to capture potential regional effects, while Model III includes three dummies to account for the effect of income level on MTE. As shown in Table 5 , most of the parameters of Models I through III are significant at the 5% level or better. The variables PSTO and PDET capture the effect of the methodology used to estimate the frontier on MTE estimates (the excluded category for this group of dummies is the non-parametric frontier approach). The negative sign and statistical significance of the parameter for PSTO indicates that parametric stochastic models consistently yield lower MTEs than non-parametric deterministic ones. This result can be explained by the fact that non-parametric deterministic studies typically yield numerous TE indexes equal to 100% and such high measures increase the reported MTEs. The estimated parameter for PDET is also negative, significant and higher in absolute value than the parameter for PSTO which is consistent with a priori expectations based on the fact that parametric deterministic models consider all variations from the frontier as inefficiency, while stochastic models make it possible to disentangle random shocks from inefficiency (Kumbhakar and Lovell 2000) . The effect of functional form on TE displays mixed results across the three estimated models (the excluded category for this group of dummies is Other Functional forms). The translog (TL) specification is statistically significant in Models I and III, and the Cobb-Douglas (CD) is only significant in Model III. The TL yields higher MTEs than both the CD and Other Functional forms in Models I and III, while the CD does so in Model II (but the parameter is not significant). These results suggest that a more flexible functional form (TL) tends to yield a higher MTE. These findings are similar to those reported by Ahmad and Bravo-Ureta (1996) , Resti (2000) and Thiam (2003) , among others.
Results and analysis
The parameter for CS (Cross Sectional data) displays a negative and highly significant effect on MTE. This result suggests that frontier models using cross-sectional data produce lower MTE estimates than models based on panel data; this is consistent across the three model specifications. In addition, the parameter for GRAIN is also consistently negative suggesting that frontier models for grain crops present, on average, lower levels of MTE than those for Dairy and Cattle, Other Crops or Whole Farm. However, whether the model relies on a primal (PRI) or dual representation of the technology does not have a significant effect on MTE.
The econometric results indicate that the ratio used to analyze the effect of model dimensionality (VAR-SIZE) does have a significant effect on the MTE measures in the Tobit equations for Models II and III, which is consistent with Thomas and Tauer (1994) and Chavas, Petrie and Roth (2005) .
Models II and III introduce additional variables where the former incorporates the geographical region where the studied country is located, while Model III includes the country's average income level on the estimated MTE. It is important to indicate that based on generalized likelihood ratio tests, the Tobit estimates of Models II and III are preferred over Model I, indicating that regional/country effects are indeed important in analyzing the estimated MTEs.
The coefficients for all the regional dummies included in Model II are negative and statistically significant. Given that the excluded category for this group of dummies is for countries located in Western Europe and Oceania, these results imply that countries in these regions present, on average, the highest levels of MTE among all regions after controlling for methodological features of the studies. By contrast, the results show that Eastern European countries exhibit, on average, the lowest estimate of MTE followed by Asian, African, Latin American and North American countries. The joint statistical significance of the parameters associated with the regional dummies was also confirmed by using a generalized likelihood ratio test.
Lastly, to examine whether the country's income level is associated with the estimated MTEs, the data is separated in four groups of countries, HICs, UMICs, LMICs and LICs, and three dummy variables are introduced to capture this effect, as explained earlier (HICs is the excluded category). The results, shown in Table 5 under Model III, indicate that the coefficients for the dummies for the LICs, LMICs and UMICs are all negative and highly significant. These results suggest that, on average and controlling for all other effects included in the model, studies from HICs present the highest MTE estimates followed by LMICs and LICs, while studies from UMICs display the lowest.
Summary and conclusions
The objective of this study was to undertake a metaregression analysis seeking to explain the variation in Mean Technical Efficiency (MTE) for studies focusing on the agricultural sector. The MTE estimates reported in 167 published papers were explained by major methodological characteristics of the studies. In addition, alternative models incorporated regional and income dummy variables to capture the country effect on MTE. This study contributes to the crosscountry productivity literature because the existing body of work in this area typically uses aggregate (i.e., national) level data to estimate total factor productivity and has ignored the TE component of productivity.
The econometric results suggest that non-parametric deterministic models generate higher MTE estimates than stochastic frontier models, while parametric deterministic frontier models yield lower estimates. The effect of functional form on TE is inconclusive. In addition, frontier models based on cross-sectional data produce lower estimates than those based on panel data. In addition, the studies focusing on countries in Western Europe and Oceania present, on average, the highest levels of MTE while studies for Eastern European countries exhibit the lowest, after accounting for key methodological features. Additional analysis reveals that MTE tends to be positively and significantly related to the average income of the countries in the data set. However, this pattern is broken by the UMICs group which displays the lowest MTE.
The large body of published articles included in this study focusing on TE suggests that, given the state of technology prevailing in the various regions/ countries at the time that the studies were conducted, the shortfall in TE and thus in managerial ability, is most significant in Eastern European countries followed by Asia, Africa and Latin America. By contrast, managerial improvements as a means to increase productivity are least promising in Western Europe and Oceania, followed by North American countries. More conclusive statements on this matter will need refinements on the data used and further analysis.
In conclusion, in this study we have attempted to organize the 'flood of numbers' (Heckman 2001) stemming from a substantial body of literature that has emerged over the past few decades on technical efficiency measurement in agriculture. The empirical studies and the conceptual literature reveal mixed results and conflicting views concerning the merits of the various methodologies that have been developed. Thus, the meta-regression analysis presented here seeks to integrate a wide range of empirical findings to shed light in a systematic fashion on the effects of alternative methodological assumptions on farm level TE measures. The authors hope that this work will make this vast literature more accessible to researchers while also providing a broad frame of reference for those that seek to evaluate the sensitivity of their results to the choice of method.
